While expected long-term earnings growth plays a pivotal role in valuation and investment applications, its common proxy, analysts' long-term growth forecasts (LTG), is well known for being over-optimistic. Guided by a stylized growth model, this paper uses three information sources to improve growth prediction-analysts' forecasts, stock prices, and financial statements. We find that the growth model using LTG, past earnings growth, the forward earnings-to-price ratio and past returns as predictors is unbiased and most accurate among the models considered in this paper. We further show that this growth prediction results in higher trading profits, more accurate equity predictions, and more reliable estimates of cost of equity. These findings suggest that such an improvement leads to economically significant consequences in valuation and investment applications.
Introduction
Expected long-term earnings growth plays a pivotal role in valuation and investment applications.
However, its common proxy, analysts' long-term growth forecasts (LTG), is well known for its optimism. In this paper, we seek to improve long-term earnings growth prediction by utilizing three sources of predictive information-analysts' forecasts, financial statements, and stock prices. We first evaluate different prediction models and identify an unbiased prediction specification with the highest accuracy. To demonstrate the economic consequences of improving the growth prediction, we next test whether the improved prediction is associated with more profitable trading strategies, more accurate intrinsic value estimation, and more reliable estimates of cost of equity Our study is motivated by two considerations. First, academic and practical applications both demand proxies for firms' expected long-term earnings growth. Examples in the academic literature include empirical implementations of valuation models (e.g., Frankel and Lee 1998) and the estimation of cost of equity (e.g., Claus and Thomas 2001; Gode and Mohanram 2003) . Analysts frequently cite long-term earnings growth prospects as a key justification for their stock recommendations or target prices (Bradshaw 2002) . A popular valuation ratio, the price-to-earnings-to-growth (PEG) ratio, requires a measure of expected long-term earnings growth as its key ingredient. In these applications, the quality of long-term earnings growth forecasts has direct consequences on the quality of valuation outcomes. Second, the commonly used long-term growth proxy-LTG issued by analysts-is well known for its drawbacks. It is shown to be highly upwardly biased, inaccurate, and to fail to fully incorporate public information (e.g., Harris 1999; Dechow et al. 2000; Chan et al. 2003) . LTG is even shown to be less accurate than the naïve time-series models (Harris 1999) . The poor quality of LTG inevitably affects the valuation applications relying on it. Therefore, improving the long-term growth prediction should have desirable implications for research and practice regarding equity valuation.
We adopt a strategy of utilizing multiple sources of information to predict long-term growth, which is different from prior studies that only use a single source (e.g., Brown et al. (1987) use time-series models; Abarbanell and Bushee (1997) use financial statements; Nekrasov and Ogneva (2011) use stock prices). Pooling information from multiple sources benefits prediction because information sources that are not perfectly correlated will jointly contribute to the prediction, leading to an outcome superior to that of each individual source alone (e.g., Fildes 1991). Predicting long-term growth could particularly benefit from multiple information sources because long-term growth is highly uncertain and is affected by many factors, which any single information source is unlikely to cover entirely.
Devising a simple analytical model of earnings growth to conceptualize growth drivers, we identify three sources of predictive information. The first is analysts' forecasts. As one of their key professional activities, analysts devote considerable resources to analyzing firms and making long-term growth forecasts. Jung et al. (2012) present evidence that analysts issue LTG to signal their effort and ability, which suggest the usefulness of analysts' forecasts. The second source of predictive information is financial statements, which depict a firm's past operating, investing, and financing activities; such information bears implications for future earnings growth. The third source is stock prices. Stock prices embed information beyond analysts' forecasts and financial statements, and reflect investors' expectations of firms' long-term prospects (e.g., Hughes et al. 2008) . Evidence shows that forward-looking information can be extracted from stock prices to improve earnings forecasts (e.g., Elgers and Murray 1992; Weiss et al. 2008; Nekrasov and Ogenva 2011) .
Our empirical analysis proceeds in two parts. In the first part, we evaluate the prediction accuracy and bias of growth predictors using both in-sample and out-of-sample tests. The predictors include LTG, past growth, the forward earnings-to-price ratio (FEP), past returns, other price/return-based predictors, and financial statement variables such as capital expenditure, R&D, external financing, and dividend payouts. The out-of-sample results show that a quadri-variate model with LTG, FEP, past growth, and past returns as predictors significantly outperforms alternative models.
The second part of analysis examines the economic consequences of improving growth predictions. We obtain a growth prediction, G*, from the best-performing model identified in the preceding analysis and use it in three applications: to construct trading strategies, to predict future equity value, and to estimate cost of equity. In the first application, we find that a trading strategy based on G* yields higher hedge returns than a strategy based on LTG. The superior profitability of the G* strategy is robust even after we control for LTG and common risk factors. In the second application, we find that the predicted one-year-ahead equity values based on G* are more accurate and less biased than those based on LTG. In the third application, we find that the estimated cost of equity has a better quality when G* substitutes LTG in the estimation: the estimated cost of equity based on G* positively correlates with realized returns over the majority of the sample period, whereas the estimates based on LTG do so over less than half of the period. Taken as a whole, these findings indicate that our improved growth prediction produces significant economic consequences in valuation and investment applications.
In the supplemental analyses, we find that our growth models outperform LTG over the majority of the sample period. We also show that the improvement in the growth prediction varies with industry, and is significantly higher for small firms, firms with low analyst coverage, and glamour/value stocks. This paper makes several contributions to the literature. First, this paper responds to the call for more research on long-term growth forecasts, which Ramnath et al. (2008) argue have high price impacts and yet are under-researched. Second, unlike prior studies that attempt to predict long-term growth from a single source, we utilize multiple sources of predictive information and evaluate a comprehensive list of growth predictors. Our results show that pooling information from multiple sources benefits the prediction of long-term growth. Third, we show that the improvement in the growth prediction can be exploited to yield higher trading profits, more accurate value predictions, and more reliable estimates of cost of equity. These findings reaffirm that the documented prediction improvement is not merely a matter of statistics but bears economically significant and sensible consequences for valuation and investment.
The remainder of the paper is organized as follows. We develop a growth model and explain methodology in Section 2. Data and sample are described in Section 0Empirical results are presented and discussed in Section 4. Section 5 concludes.
Theoretical development and research design
In this section, we begin with developing a stylized model of earnings growth that conceptualizes growth drivers. We then use the model's insights as a guide to develop our empirical methodology.
Development of a growth model
In a neo-classical setting, a firm uses a production process f(•) to convert a set of inputs z (with costs w) to produce a product (or provide a service) with selling price p. The firm's earnings π is the difference between sales revenue and input costs:
The firm's earnings growth rate is defined as
We next specify model inputs to derive the earnings growth as a function of a set of economic drivers. To maintain parsimony, we consider two broad classes of inputs: (1) physical capital (k), such as working capital, equipment, and buildings; and (2) intangible capital (h), including human talents, brand names, patents, consumer basis, reputation, etc. The production utilizes both sets of inputs and takes the standard Cobb-Douglas form:
and A is a constant that captures technology. Now the earnings growth rate g π can be expressed as
where
The right-hand side of equation (i) shows that earnings growth is driven by several drivers: (1) production or technology (f); (2) conditions in the product market (ṗ) and the supply market () (prices of the product and inputs are subject to numerous factors, including the interplay between the supply and demand, the competition level, and the firm's own market position); (3) existing capital (); and (4) new investments (g z ), captured by growth in both the physical and intangible capital. Equation (i) provides guidance on the information needed to predict future earnings growth.
Simply put, we need to understand the future states of the growth drivers, which can be achieved by processing and analyzing information available at the time of prediction. In the rest of this section, we elaborate the key sources of predictive information that can be utilized to understand growth drivers and to facilitate growth prediction. Second, because earnings growth is affected by the product and supply markets (ṗ and  in equation (i)), anticipating future conditions in these markets is crucial for predicting future growth. A formal analysis of future product and supply markets is possible but highly complex and speculative.
Instead, one may rely on professional analysts, whose experience and expertise are useful in complex 1 Comin and Hobijn (2010) show that, on average, it takes 45 years to adopt a technology worldwide after its invention.
judgments of this type. Alternatively, one could also utilize rich information contained in stock prices.
Stock market participants collectively gather and process information concerning product and supply markets, and then incorporate their beliefs into stock prices by trading in the stock markets. To summarize, the preceding discussion points to three key sources that may be used to assess a firm's future growth drivers: analysts, financial statements and stock prices. In the following section, we elaborate the proxies of each information source (i.e. growth predictors) that can be employed in predictive regression.
Empirical predictors of long-term growth
To select growth predictors for our empirical analysis, we use equation (i) as a starting point and survey the extensive literature (e.g., Smith and Watts 1992; Lang and Lundholm 1996; Kallapur and Trombley 1999; Chan et al. 2003; Laitinen 2006; Wu 2012) . We discuss the empirical growth predictors according to the three predictive sources: analysts, financial statements and stock prices.
LTG is the analysts' prediction of firms' long-term earnings growth. Although this measure is shown to be upwardly biased, inaccurate, and not fully incorporate public information (e.g., Harris 1999; Dechow et al. 2000; Chan et al. 2003; Bradshaw et al. 2012) , there is also evidence that LTG reflects analysts' expertise, contains valuable information, and should not be discarded completely. Jung et al. (2012) report evidence that LTG reflects analysts' efforts and ability to analyze firms' long-term prospects. Thomas and Zhang (2006) also show that LTG explains the cross-sectional variance in the forward P/E ratio, suggesting that LTG embeds useful growth-related information.
Past earnings growth (G) is a key predictor available from financial statements. The variable has long been used in the time-series prediction model (e.g., Granger and Ramanathan 1984; Harris 1999) . Also available from financial statements are variables reflecting a firm's investing and financing activities. To capture the level of existing capital, we include firm size (SIZE), past physical investment or capital expenditure (CEXP), and past intangible capital investment (R&D).
Moreover, external financing (XFIN) and the dividend policy (PAYOUT) determine the amount of earnings retained for reinvesting, which over time becomes productive capital; these predictors thus capture new investments. Leverage (LEV) is also included, to indicate financing policy, which is negatively associated with earnings growth.
To exploit the rich, growth-related information in stock prices, we use both price-based and return-based predictors; the former are the forward earnings-to-price ratio (FEP) and the book-to-market ratio (BM), and the latter are past returns (CAR) and volatility (RETSTD). 2 We also consider common risk measures such as market beta (BETA), which is based on price information.
Risk measures can be justified on the basis of the duality between growth and risk: firms need to take risky projects and ventures in order to achieve high growth.
Prediction procedure and comparison of prediction performance
Our empirical analysis is primarily based on the out-of-sample prediction-a two-step, rolling-window procedure that devises linear prediction models and relies only on the predictors available at the time of prediction. Specifically, in the first step we regress realized earnings growth on ex ante predictors in cross section:
where G t is the average growth rate of earnings over the five years ending in the year t-1, and x 1,t-5 ,…, x j,t-5 are a set of candidate predictors, available in the year t-5. To mimic the practice by analysts of specializing in certain industry sectors, we estimate equation (ii) by industry and year.
In the second step, the estimated parameters, ĉ 0,t , ĉ 1,t ,…, ĉ j,t , are combined with the year-t predictors to generate the predicted growth over the five years ending in year t+5:
This out-of-sample prediction procedure approximates the data constraint faced by analysts and is similar to the methods in Elgers and Murray (1992) and Li (2003) . As an exception to this procedure, LTG is directly used as the prediction, because I/B/E/S claims it already a forecast for future growth.
To evaluate the prediction performance, we examine the accuracy and bias of a model: accuracy is measured by mean absolute error (MAE) and bias by mean signed error (MSE):
where Ĝ t+5 is the predicted growth from the out-of-sample prediction described above, and G t+5 is the annualized actual earnings growth over the five years ending in year t+5.
We also compare the fit (adjusted R 2 ) of the following in-sample predictive model:
where x 1,t , …, x j,t is a set of predictors available at year t. Model (iii) is estimated by Fama-MacBeth regressions and the standard errors of the coefficient estimates are clustered to account for intra-firm correlation. Because in-sample tests tend to overstate predictability (e.g., Brown 1993; Welch and Goyal 2007) , this evaluation is primarily used to understand the behavior of predictors.
Data and sample description

Data
We extract all forecast data from I/B/E/S, financial data from COMPUSTAT, and price data from The prediction date is set to be mid-April of each year. Analysts' consensus forecasts for long-term growth are summarized on the prediction date. To alleviate the problem of stale forecasts, we construct the consensus long-term growth forecasts (LTG) as the median of individual analysts'
forecasts that were newly issued or confirmed within three months prior to April. Stock prices are obtained at the end of March, and accounting data are from fiscal years ending at least three months prior to April. The timing is so chosen to ensure that analysts and investors have received and processed financial reports from the previous fiscal year. 5 We measure realized long-term earnings growth as the five-year average rate of growth in actual earnings reported by I/B/E/S, which excludes non-recurring items such as asset write-downs, restructuring, etc. 6 Following Dechow and Sloan (1997), we use a least-square method to calculate realized long-term earnings growth:
4 The prediction period is a 5-year rolling window and starts from 1987 and ends in 2008. Growth predictors are measured 5 years before the prediction date. 5 For firms with non-December fiscal year ends, April coincides less well with the release of annual reports. For these firms, when calculating forward E/P, we use annual EPS forecasts with the target period ending at least seven months ahead of the prediction date to ensure that the forecasts contain enough forward-looking information. Similarly, we also ensure that the financial statement data used for the predictions are publicly available at least three months prior to the April prediction dates. We do not require firms' fiscal years to end in December, since such a restriction would significantly reduce the sample size. However, the results are qualitatively similar even if we do only consider firms with fiscal year end in December. 6 I/B/E/S claims to have made an effort to construct actual earnings to reflect analysts' forecasting practices. Adjustments may involve restructuring, asset write-offs, and other accounting adjustments (e.g., changes in estimates, unrealized gains and losses on trading securities, and various pension adjustments). We also examine operating earnings and net earnings (earnings before extraordinary items) and obtain similar inferences.
where E is the actual EPS as reported by I/B/E/S (required to be positive) and τ is a time mark. The slope g t is the average (annualized) rate of growth over five years, starting from year t. We prefer this method to the conventional annualized geometric rate formula, because the former uses earnings throughout the horizon and is less affected by the base or ending year.
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The appendix explains in detail the variables used in our analysis. All variables are trimmed at both tails by 0.5%, except for FEP and the book-to-market ratio, which are trimmed at the right tail by 0.5% and bounded below by zero.
Descriptive statistics
Panel A of Table 1 shows the industrial composition of the sample over time; industry groups are based on Fama and French's twelve-industry classification scheme. The panel shows that our sample is dominated by the consumer non-durables, manufacturing, business equipment and retailing sectors.
To control for industry variation, we estimate parameters by industry group in the out-of-sample prediction. In Section 4.3, we examine the improvement in growth predictions across industries.
[Insert Table 1 here]
Panel B presents the sample characteristics. Consistent with prior findings (e.g., Dechow et al.
2000)
, LTG is highly optimistic (mean LTG is 0.156 vs. mean G t+5 0.063). If LTG were taken literally at the sample mean, an average firm's "core" earnings would grow by 50% over three years and double by the end of the fifth year. Past growth (G t ) is visibly higher than subsequent growth G t+5 , suggesting that past stellar growth is difficult to maintain. The mean FEP is 8.6% (equivalent to an average P/E of 11.6). The mean cumulative abnormal returns (CAR) is 0.044, indicating that the sample firms generally perform well in stock markets. The average market capitalization of $4.15 billion is larger than that of a typical COMPUSTAT firm, most likely because the I/B/E/S coverage is weighted toward large firms and also because long data series required by our out-of-sample prediction procedure favors large firms. Other firm characteristics, such as capital expenditure, payout and leverage, suggest that our sample firms are generally mature and financially healthy. suggests that stock markets anticipate future growth reasonably well; the negative autocorrelation of growth indicates mean-reverting, probably due to competitive pressure and technological constraints.
Among the measures of financing and investing activities, R&D spending is positively correlated with future growth, consistent with the idea that more investment in innovation and intangible capital begets higher growth. The negative correlation between payout and growth reaffirms the notion that returning excess cash to investors foretells lower earnings growth.
Empirical results
We discuss empirical results in three parts. First, we evaluate prediction models in terms of their predictive power for long-term growth and seek to identify the best-performing specification (its prediction is denoted as G*). Second, we validate the growth prediction G* via three applications:
constructing trading strategies and predicting future equity value. Finally, we investigate temporal and cross-sectional variations in the improvement of long-term growth prediction.
4.1 Improving long-term growth prediction Table 2 reports the prediction performance of assorted models for five-year earnings growth.
Panel A compares the fit of in-sample prediction models, ranging from univariate to multivariate.
This step allows us to understand the behavior of the predictors and identify promising specifications.
[Insert Table 2 Model 8 includes all the predictors discussed in Section 2.2:
Judging from the statistical significance, we find that past growth, FEP, and past returns (along with LTG) bear the most prominent predictive power. This suggests to us that these variables represent the most important information sources regarding a firm's long-term growth prospects. Indeed, recalling the growth drivers in equation (i) . Second, Models 6 and 7 exhibit the highest out-of-sample accuracy, with significant improvements over LTG (and also over the other models).
Interestingly, comparing Model 6 with Model 7, one can conclude that removing LTG from the predictor list enhances prediction accuracy. This suggests that, in the presence of the dominant predictors-past growth, FEP, and past returns-LTG offers limited incremental predictive power.
Third, more complex models do not guarantee higher accuracy. For example, even though the multivariate Models 4 and 5 outperform LTG, they fail to beat the simple time-series Model 2. The most complex one, Model 8, is the least accurate among all of the alternatives (it is even inferior to LTG). By excluding the predictors that were insignificant or had the wrong signs in the in-sample prediction, Model 9 beats Model 8 in out-of-sample prediction accuracy. These results suggest that some predictors contain more noise than predictive signals and confirm the virtue of parsimonious modeling (Brown 1993).
The last row of Panel B shows the bias of each model as measured by MSE: an unbiased prediction model would generate an MSE statistically insignificant from zero. Not surprisingly, LTG is highly upwardly biased (its MSE is 0.096 and significantly different from zero). In contrast, Models 4, 6 and 9 are unbiased, whereas the rest of the models are downwardly biased. Comparing
Model 6 with Model 7, one may infer that a possible reason for Model 6's unbiased prediction is that the upward bias in LTG counters the downward bias in past growth, FEP, and past returns.
Collectively, the results in Table 2 indicate that Model 6, which combines four predictors (LTG, FEP, past growth, and past returns), leads to a significant improvement in the prediction of long-term growth. This specification not only enhances the accuracy of the prediction, but also alleviates the bias in LTG. The predicted growth of Model 6, denoted as G*, will be used in the next section to examine the economic consequences of improving the growth prediction.
Economic consequences of improving the growth prediction
The preceding section shows how the prediction of long-term growth can be improved by combining LTG, past growth, FEP, and past returns; this improved prediction is denoted as G*. To validate the economic substance of our improvement in the growth prediction, we use G* in three important applications: the construction of trading strategies, the prediction of future equity value, and the estimation of cost of equity. This analysis will not only validate the usefulness of our proposed growth prediction, but also highlight the instrumental role of long-term growth prediction.
Constructing trading strategies
In light of the key role of long-term growth expectation in investors' decisions (Ramnath et al. 2008) , we here examine whether the improved growth prediction G* can be exploited to construct profitable trading strategies. If the unbiased and more accurate G* is not fully incorporated into stock prices, we expect stocks with high (low) G* will subsequently earn positive (negative) abnormal returns. 9 This hypothesized feature of G* stands in contrast to that of LTG: a trading strategy based on the latter is shown to be contrarian-low (high) LTG stocks yield positive (negative) abnormal returns (e.g., La Porta 1996; Dechow and Sloan 1997).
Panel A of Table 3 reports the returns to trading strategies based on G* and LTG, respectively. In contrast, the CARs of LTG-quintiles decline monotonically with LTG. The hedging returns from the G*-based strategy amount to 33.2%, significantly higher than 22.7% from the LTG-strategy (noting that here one longs the Low quintile and shorts the High quintile). This higher hedge return from G*-strategy is expected because G* is constructed from multiple information sources, not just LTG, and thus is able to capture more growth. Even after the well-known Fama-French risk factors are controlled, the G*-strategy still generates significantly positive hedge returns (the hedging alpha is 33.1%). Contrarily, the hedging alpha of the LTG-strategy is insignificant.
[Insert Table 3 here]
To examine whether G* possesses incremental predictive power for future returns beyond LTG, we conduct a two-way sequential sorting analysis. In April of each year, stocks are first sorted into 9 Recall that G* extracts information from stock prices. This does not contradict the current application of using G* to earn trading profits. It is conceivable that stock prices generally provide rich forward-looking information, but at the same time neglect and/or mis-react to specific pieces of information. 10 We choose to form quintiles rather than the more commonly-used deciles because, given our sample size, (annual) deciles result in too few stocks for certain years. 11 The alpha is the intercept from the calendar-time regression of portfolio returns on the Fama-French four factors (market, size, book-to-market, and momentum) over the sample period.
LTG quintiles, and then in each LTG quintile, stocks are further sorted into G* quintiles. We are interested in whether G*-based hedging returns are significant after controlling for the effect of LTG.
As shown in Panel B, within each LTG quintile, G* still retains the ability to generate significantly positive hedge returns, regardless whether returns are adjusted for the market model or the Fama-French four factors. Overall, Table 3 demonstrates that the improvement of growth prediction in G* is not merely a statistical effect, but also bears economic effect in trading strategies.
Predicting future equity value
One of the principal uses of long-term growth forecasts is equity valuation. 12 To validate the quality of our growth prediction G*, we now compare the valuation outcome based on G* with that based on LTG. We are aware that the contemporaneous stock price (P t via FEP) has been used to predict G*, so it would be inappropriate to use G* to estimate the current equity value V t (P t would be used as both an input and the benchmark). Therefore, we opt to predict the one-year-ahead equity value V t+1 and use the one-year-ahead stock price P t+1 as the benchmark to judge the outcome of predicting future equity value.
We follow prior studies and use the following adaptation of the Residual Income Valuation
Model (e.g., Francis et al. 2000; Clause and Thomas 2001) to predict future equity value: 
where V e t+1 is the one-year-ahead value to be predicted, and e t+ ( = 2, …, 5) is forecasted earnings per share from year 2 onward. As Clause and Thomas (2001) do, we extrapolate EPS forecasts beyond year 2 using the growth forecast (G): 4, ..., 5, 12 Here, the predicted long-term growth rate is used to extrapolate future earnings forecasts, rather than as the "perpetual growth rate" in the terminal value.
where G is equal to either LTG or G*. The rest of the inputs/parameters in formula (v) are specified as follows: the forecasted book value per share b t+ ( = 1, …, 4) is computed from the Clean Surplus
Relation; the cost of equity r is estimated from CAPM; the perpetual growth rate g is set as zero.
13
Because we supply identical inputs to the valuation formula, except for the growth rate G, the quality of the valuation can be directly attributed to G. In light of the evidence in Section 4.1 that G* is unbiased and significantly more accurate than LTG, we expect the value prediction based on G* to be of a higher quality than that based on LTG. Following Frankel and Lee (1998) and Francis et al.
( 2000), we judge the quality of the value predictions by valuation bias and accuracy, which are measured by the signed and absolute valuation errors, respectively:
Absolute Valuation Error = |V e -Price| / Price . Table 4 shows the predictions of one-year-ahead equity values when LTG and G* are used to extrapolate EPS forecasts between years 3 and 5. In addition to the signed and absolute valuation errors, we also report the R 2 from the regression of the stock price on the predicted values (known as "explainability").
[Insert Table 4 13 When calculating the discount rate r, three-month treasury bill yields are used as the risk-free rate, and beta is estimated from the Market Model using the past year's daily returns. We also vary the perpetual growth rate g to the risk-free rate minus 3%, which produces qualitatively similar results.
As further evidence, we examine the quality of valuation by the ability of the predicted equity value to explain cross-sectional variation in the stock prices ("explainability"), measured by the R 2 of the regression of stock prices on predicted equity values. The R 2 associated with the G*-based valuation is indeed higher than that of the LTG-based valuation (0.546 vs. 0.527), supporting the usefulness of our proposed long-term growth forecast.
Panel B compares the accuracies of the two sets of valuation, measured by absolute valuation errors. When g equals zero, the G*-based valuation is on average more accurate than the LTG-based valuation: the former's mean absolute valuation error (0.841) is statistically lower than the latter's (1.047). This result is buttressed by the median absolute valuation error and interquartile range, which shows that the G*-based absolute error is less dispersed.
In summary, we find the G*-based equity valuation outperforms the LTG-based valuation in terms of most quality indicators examined here: accuracy, dispersion, and explainability.
Estimate the cost of equity
Prior studies suggest that estimated cost of equity (COE) based on analysts' forecasts is not a reliable proxy for expected returns. For example, Easton and Monahan (2005) find a negative correlation between analyst-based COE and realized stock returns and attribute the anomalous relationship to the biases in analysts' earnings forecasts. As forecast horizons expand, the quality of analysts' forecasts, including their LTG forecasts, become less reliable (Bradshaw et al. 2012; Lacina et al. 2010) . Thus, we expect that in the estimation of cost of equity, using a better quality prediction of long-term growth in place of LTG will yield better quality outcomes. 
where P t is stock price, b t is book value per share, e t is expected earnings per share, and r is the cost of equity to be estimated. As in Section 4.2.2, the forecasted book value per share, b  ( = 1, …, 4), is computed from the Clean Surplus Relation, the perpetual growth of EPS after year t+5, g ae , is assumed to be the yield of ten-year treasury bonds less 3%, and we use the following equation to extrapolate EPS forecasts beyond year two using the forecasted growth rate (G):
e t+k = (1 + G) × e t+2 , for k = 3, 4, ..., 5 , where G equals LTG or the proposed growth prediction G*.
We argue that biased and inaccurate G is directly transferred into the inputs of equation (vi) and will reduce the quality of the estimated COE. We thus expect that replacing LTG with our prediction G*, which is unbiased and significantly more accurate than LTG, will enhance the quality of the estimated COE (hereafter r G* ) in the following aspects. First, since G* is on average smaller than LTG, the magnitude of r G* is likely to decrease. Second, the correlation between realized returns and r G* is more likely to be positive.
The results of the cost of equity analysis are reported in Table 5 . r LTG and r G* are the estimated cost of equity based on LTG and the Model 6 prediction, respectively. The first three columns show the estimated COE annually between 1987 and 2004. 14 Consistent with our expectation that smaller growth inputs should yield smaller COE, r G* (8.6%) is smaller than r LTG (10.2%). Since G* is unbiased while LTG is upwardly biased, the difference between r G* and r LTG (1.4%) is indicative of the potential upward bias in the analyst-based COE that is attributable to the bias in LTG.
[Insert Table 5 here]
The two columns on the right of Table 5 show the Spearman correlations between the two sets of estimated COE and realized returns. We expect a more reliable estimate of COE to be positively correlated with realized returns. On average, r G* has far stronger correlations with realized returns Table 6 , the mean r LTG of 0.101 is slightly smaller than that in Claus and Thomas (2001) (CL hereafter) (0.1104). This result is reasonable because the size of our sample is much larger than the size of the sample in CL and larger firms are expected to have smaller costs of capital.
correlations with realized returns for seventeen years. This is further evidence that r G* is a more reliable proxy of expected returns than r LTG .
Altogether, the improvement in the long-term growth prediction proposed in Section 4.1 is validated by its effects on the construction of trading strategies, the quality of equity valuation, and the estimated cost of equity. Unlike the over-optimistic LTG, the growth prediction G* is able to ex ante distinguish high growth firms from low growth firms and can be exploited to construct more profitable trading strategies. G* produces higher quality estimates of equity value: lower bias, higher accuracy, and lower dispersion. In addition, we also find that the estimated cost of equity based on G* is a better proxy for expected returns.
Supplementary analyses and robustness check
The previous two analyses have demonstrated that it is possible to improve long-term growth prediction and that such an improvement bears economically meaningful consequences for equity valuation and investment applications. We further investigate whether such improvements are achievable consistently throughout the sample period and how they vary for subsamples of firms with specific characteristics. Finally, we also conduct a number of robustness checks. and our proposed models show the largest improvements in accuracy. As the period featured waves of IPOs and SEOs, analysts may have been pressurized to issue optimistic forecasts in order to attract investment banking business for their brokerage houses.
Prediction performance over time
Despite its overall poor performance, LTG outperforms the alternative models in four prediction periods: 1992-96, 1993-97, 2003-07, and 2004-08 . One explanation for this finding is that our models rely on historical data and the stability of model specifications, and these periods coincide with the ends of economic recessions when business environments are highly uncertain.
Cross-sectional prediction performance
We next examine how the improvement in the growth prediction varies with firm characteristics (industry, glamour/value stocks, and size) and analyst forecast characteristics (forecast dispersion and analyst coverage). For presentation purposes, we only report the comparison between LTG and G*, which is defined in Section 4.2.
[Insert Table 7 here]
The predictability of growth is likely to vary across industries: the more uncertain an industry's business environments are, the less predictable will be the growth of firms in that industry. Panel A of Table 7 shows that G* significantly outperforms LTG in the consumer non-durables, manufacturing, business equipment, and retailing industries, whereas it underperforms LTG in the chemicals and allied products industry. Table 7 shows that LTG and G* are least accurate in the top and bottom FEP quintiles, which contain glamour/value stocks with too high/low sentiment. While G* is not immune from sentiment, it still improves the growth prediction beyond that achieved using LTG to the greatest extent in the top and bottom FEP quintiles.
Size is indicative of a firm's information environment, growth stage and risk, which in turn influences the quality of LTG and the potential improvement our growth prediction G* could achieve.
To the extent that LTG is more accurate among large firms, firms with low forecast dispersion, and firms with a high level of analyst coverage, we expect the improvement provided by G* to be negatively correlated with these qualities. Consistent with our expectation, the accuracy of LTG and Forecast dispersion reflects the disagreement among analysts and the uncertainty about a firm's prospects. As shown in Panel C (right), the prediction accuracy of LTG declines with forecast dispersion, consistent with the findings about short-term forecasts (Lang and Lundholm 1996) .
Interestingly, even though the accuracy of G* declines with forecast dispersion, the improvement achieved by using G* does not increase monotonically, and peaks among firms with moderate dispersion. A possible explanation is that past financial track records (i.e. past earnings growth) and stock price information are less relevant for future earnings among firms with a high level of uncertainty, indicated by high forecast dispersion.
To summarize, G* achieves the greatest improvement in prediction accuracy over LTG for (i) firms with very high/low FEP ratios, (ii) small firms, (iii) firms with low analyst coverage, and (iv) firms with moderate forecast dispersion. These findings suggest that long-term growth prediction is circumstantial and contextual.
Robustness checks
Calculation of long-term growth. In our main analyses, the five-year earnings growth rate is estimated from a least-square regression utilizing the earnings in all years in the period. To ensure our results are not sensitive to the method of growth calculation, we also calculate the annualized growth rate as a geometric mean, as in Chan et al. (2003) . The unreported results are consistent with those in the main analyses.
Growth horizon. Although I/B/E/S claims the horizon of LTG to be the next three to five years, it acknowledges that horizons could vary from analyst to analyst and from firm to firm. Sharpe (2005) estimates the horizon to be between five and ten years. Our results are qualitatively similar when we decrease the horizon of growth from five to three years.
Alternative loss function. The out-of-sample prediction procedure uses ordinary least squares (OLS) to estimate parameters in the first stage. OLS regressions implicitly assume that analysts make their forecasts to minimize the mean-squared forecast errors. Alternative loss functions have been proposed in the literature: for example, Gu and Wu (2003) test whether analysts try to minimize absolute forecast errors. Thus we also use least absolute deviations (LAD) to estimate the parameters for the out-of-sample predictions. We obtain the same inferences.
Conclusions
Valuation and investment applications demand expected long-term earnings growth as a crucial input. However, the proxy commonly used in research and practice-analysts' long-term growth forecasts (LTG)-is known for its optimism. This motivated us to take up the challenge of improving the prediction of long-term earnings growth.
Guided by a simple model of earnings growth, we identify and evaluate predictors from three sources-analysts' forecasts, financial statements, and stock prices. We show that combining multiple sources leads to higher quality predictions, and that a model based on LTG, past growth, FEP, and past returns is unbiased and the most accurate among the specifications we examine. To validate the economic substance of the prediction improvement, the predicted growth from the best-performing model, G*, is applied in three applications: forming trading strategies, predicting future equity values, and estimating cost of equity. The results show that, compared to LTG, G* results in more profitable trading strategies, more accurate equity predictions, and more reliable cost of equity. Our paper demonstrates that one can effectively improve the prediction of long-term earnings growth by extracting information from multiple sources, and that such an improvement leads to economically significant consequences in valuation and investment applications.
This paper comes with certain caveats. Due to the lack of growth theory and inherent difficulty in predicting growth, our study is exploratory and empirical in nature. Moreover, our prediction procedure restricts the sample to firms that have survived long-term and operate successfully.
Therefore, our results are best applicable to this subset of firms. Future research could explore how one might predict long-term growth for firms not covered by the current sample.
Appendix: Definition of Key Variables
Variables Definition Calculation* G = Average rate of earnings growth over a five-year period
The slope (g t ) of the fitted model:
log(E t+τ ) = g t τ , for τ = 0, …, 5 , where E is the natural logarithm of "actual" EPS reported by I/B/E/S, and τ is a time mark LTG = Analysts' consensus forecasts for long-term earnings growth Median of individual analysts' forecasts for long-term earnings growth that are newly issued or confirmed within three months prior to April FEP = Forward earnings-to-price ratio 1987-2008 1987-1991 1992-1997 1998-2004 2005- The sample consists of all U.S. industrial firms, with sufficient data in COMPUSTAT, CRSP, and I/B/E/S. The prediction period is between 1987 and 2008. In Panel A, industry groups are formed according to the Fama-French classification. The subsample periods broadly coincide with business cycles. In Panel B, Accounting variables are from fiscal years which end at least three months prior to April of year t. G t+5 (G t ) is five-year average EPS growth subsequent (prior) to April. LTG is analysts' consensus (median) long-term growth forecasts. FEP is the forward earnings-to-price ratio, and BM is the book-to-market ratio. CAP is the market capitalization at the end of year t-1. CAR is cumulated abnormal returns over 12 months ended in March of year t, with the Market Model as the benchmark. BETA is the market beta from the market model, and RETSTD is the standard deviation of stock returns, both using daily returns in year t-1. R&D is research and development, CEXP is capital expenditure, XFIN is external financing, PAYOUT is the dividend payout ratio, LEV is leverage. See the Appendix for detailed definitions. All variables are winsorized at the top and bottom 0.5%, except for FEP and BM, which are required to be positive. (1) 0.038*** 0.027*** 0.043*** 0.101*** 0.164*** 0.147*** 0.237***
The panel reports predictive regressions of five-year average growth in I/B/E/S actual earnings per share (G t+5 ) on ex ante predictors. The sample consists of all U.S. industrial firms, with sufficient data in COMPUSTAT, CRSP, and I/B/E/S. The prediction period is between 1987 and 2008. Analysts' consensus (median) long-term growth forecasts (LTG) is summarized from newly issued or confirmed forecasts within three months prior to April. G t is five-year average growth prior to the prediction date, also measured in I/B/E/S actual earnings per share. FEP is the forward earnings-to-price ratio and BM is the book-to-market ratio, both calculated in April. SIZE is the natural logarithm of market capitalization at the end of year t-1. CAR is cumulated size-adjusted abnormal returns over 12 months ended in March of year t. CEXP is capital expenditures scaled by beginning-of-year property, plant, and equipment. Accounting variables are from the prior fiscal year which ends at least three months before April of year t. All variables are winsorized at the top and bottom 0.5%, except FEP and BM, which are required to be positive. The regressions are estimated by year and industry. The reported coefficients are the mean of coefficient estimates from year-industry regressions and t-statistics use clustered standard errors (by year and firm). The significance of coefficients is tested in two-sided t-tests. The reported adjusted R² is the pooled mean of adjusted R 2 from year-industry regressions. Differences in adjusted R² between models (i) and (1) are tested using two-sided Wilcoxon tests. ***, **, * stand for being significant at 1%, 5% and 10%, respectively.
Panel B. Comparison of Out-of-Sample Prediction Errors
Parameters estimated from industry regression (1) (2) (3) (4) (5) (6) (7) (8) This panel reports mean absolute errors (MAE) and mean signed errors (MSE) from out-of-sample predictions with different specifications. In Column (1), the predicted growth is set as LTG available in April of year t:
In Columns (2) to (9), the predicted growth is generated from a two-step prediction procedure. First, the following prediction model is estimated using historical data by year and industry:
The estimated parameters ĉ ·, t are combined with predictors available in year t to generate the predicted growth over subsequent five years:
The absolute error is
and the signed error is
MAE and MSE from specification (i) are compared with those from the base case (1) and their differences are tested in two-sided Wilcoxon tests. ***, **, and * stand for being significant at 1%, 5%, and 10%, respectively. See The Appendix for variable definitions. In April of each year, five equally-weighted portfolios are formed on the basis of predicted long-term earnings growth. G* is the predicted growth from the out-of-sample prediction with LTG t , FEP t , G t , and CAR t as predictors (i.e., Model 6 as denoted in Table 2 ). LTG is analysts' consensus long-term growth forecast, summarized from newly issued or confirmed forecasts within the three months prior to April. The top portion of the panel reports 12-month cumulative abnormal returns (CAR), market model adjusted; the middle portion reports (12-month) alpha, controlling for the Fama-French four factors (market, size, book-to-market, and momentum). The difference between the high and low quintiles is tested in two-sided t-tests. ***, **, and * indicate significance at the 1%, 5%, and 10% levels. The number of observations in each portfolio is reported in the bottom portion of the panel. The total sample consists of 11,576 firm-year observations. LTG is analysts' long-term growth forecasts and G* is the predicted growth from the out-of-sample prediction using LTG, FEP, G t , and CAR as predictors (i.e., Model 6 as denoted in Table 3 ). Two measures of perpetual growth of abnormal earnings are considered: g=0 or g=the risk-free rate minus 3%. The differences are tested in two-sided Wilcoxon tests. ***, **, and * indicate significance at the 1%, 5%, and 10% levels. where P t is stock price, b t+k is book value per share (BPS), e t+k is expected earnings per share (EPS), r is the cost of equity, to be estimated. One-and two-year-ahead EPS are analyst consensus forecasts obtained from I/B/E/S, whereas three (four/five)-year-ahead EPS are computed from the following formula: e t+k = (1+Ĝ t+5 ) × e t+2 , for k = 3, 4, 5 .
Two forms of Ĝ t+5 , available in year t, are used: (i) analysts' long-term growth forecasts (LTG); (ii) G*, predicted growth from the out-of-sample prediction model (6) as detailed in Table 3 . b t+k are computed from the clean surplus relation. g is the EPS growth after year t+5, measured as the yield of 10-year treasury bonds less 3%. r LTG and r G* are the estimated cost of equity, based on the LTG and G* predictions, respectively. The differences between the two estimates are tested in two-sided t-tests. The last two columns show Spearman correlations between the estimated cost of equity and realized post-estimation annual returns. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. The panel reports mean absolute errors (MAE) from out-of-sample predictions with different specifications across industry groups. The sample consists of all U.S. industrial firms, with sufficient data in COMPUSTAT, CRSP, and I/B/E/S.. The sample is the same as in Table 6 . The industry groups are formed according to the Fama-French classification. See the note to Table 2 for details of the out-of-sample predictions. ***, **, and * stand for significance at 1%, 5%, and 10%, respectively, in two-sided Wilcoxon tests. This panel reports mean absolute errors (MAE) from out-of-sample predictions with different specifications across analyst coverage (forecast dispersion) quintiles, which are formed annually based on numbers of analysts contributing to the consensus (I/B/E/S consensus LTG dispersion) in April. The bottom row compares MAEs between Quintiles 5 and 1.
Panel B. Firm Characteristics
